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Abstract
The aim of this paper is to provide some constrains on the time behavior
of earthquake generation mechanism, through the usage of a non-parametric
statistics that leads up to the empirical estimation of the hazard function.
The results indicate that the most characterizing temporal feature for large
(M 7.0+) worldwide shallow earthquake occurrence is a clustering lasting few
years, indicating that the probability of earthquake occurrence is higher im-
mediately after the occurrence of an event. After that, the process becomes
almost time independent, as in a Poisson process. Remarkably, this time clus-
tering is very similar to what previously found for different spatio-magnitude
windows, and it does not seem to depend on the tectonic style of the region.
This may support the hypothesis of an universal law for earthquake occurrence.
Keywords: Earthquake spatio-temporal distribution; World Wide Seismic-
ity; Temporal cluster.
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1 Introduction
Predicting individual large earthquakes is not possible, at least at the mo-
ment (see discussions in Geller et al., 1997; and Wyss, 1997), but long-term
probabilistic forecast is a reliable goal that provides a basic information for
seismic hazard assessment (e.g., Kagan and Jackson, 2000). A reliable large
earthquake forecasting is usually entangled by the poor knowledge of the most
suitable statistical distribution. As a matter of fact, there is not a consensus
on the most appropriate statistical models, and opposite statistical models are
commonly used, sometime together (Working Group on California Earthquake
Probability, 2003). Moreover, we argue that the discrimination between differ-
ent competitive models is made even more complicated by the scarce number
of works that provide clear quantitative rules for earthquake forecasting that
can be used for validation (Kagan and Jackson, 1991; Kagan and Jackson,
2000; Schorlemmer et al., 2007; Faenza et al., 2003; Cinti et al. 2004).
In this work, we apply a recently proposed multivariate non-parametric
statistical method to the worldwide shallow seismicity with M 7.0+ (Pacheco
and Sykes, 1992; Engdahl and Villasenor, 2002; Dziewonski and Woodhouse,
1983; Ekstro¨m et al., 2005; CMT Catalog, available at http:www.seismology
.harvard.edu/CMTsearch.html), in order to characterize the temporal depen-
dence of the hazard function, the empirical trend of which provides an imme-
diate tool to recognize the main characteristics of the statistical distribution.
The hazard function represents the instantaneous conditional probability of oc-
currence a time t upon survivor until time t. Studying its trend, it is possible
to recognize what is the time behavior for earthquake occurrence.
The method presents two main advantages if compared to other traditional
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approaches. First, it is non-parametric for the temporal behavior, meaning
that no kind of dependence for the temporal domain is imposed a priori, but
the most likely one is suggested by the empirical data. In other words, the
method lets the data speak for themselves. This feature lets our model been a
formal and direct check on the antithetical hypotheses for the time dependence
in earthquake generation mechanism, such as, for instance, the gap hypothesis,
Poisson, and cluster. Second, the method allows the integration of different
factors, such as geophysical, geological and tectonic information, in the study of
the earthquake forecasting. In this picture, it is possible to merge information
coming from different disciplines in the modeling of earthquake spatio-temporal
distribution.
Finally, we compare the results obtained in this work and the ones achieved
in a different space-time-magnitude window (Faenza et al., 2003; Cinti et al.,
2004) in order to investigate on a possible common behavior for the generation
mechanism of medium to large earthquakes at a regional and global scale. Such
a common behavior would support some sort of universality in earthquake
occurrence process.
2 Proportional Hazard Model (PHM)
PHM was first introduced by Cox (1972) and by Kalbfleisch and Prentice
(1980). There are different aspects that make PHM appealing for studying
large earthquake spatio-temporal distribution. Here, we introduce the basic
element to understand PHM principles, while the technical approach and the
mathematical formulation of the problem have been solve and explained in
Kalbfleisch and Prentice (1980), Faenza et al. (2003), and Faenza (2005), from
4
which we take references. In the formulation, two types of random variables
(RV) are considered: the inter-event time (IET), the time interval between two
consecutive events, and the censoring time (CT), that is the time between the
most recent event in the catalog and the end of the catalog itself. Let consider
a set of N of RVs and, for each of them, s explanatory variables (or covariates),
that is, for the j-th element of N , there is a row vector z of dimension s bearing
any kind of information (quantitative and qualitative) that could influence the
occurrence of the events. The main problem consists of assessing the relation
between the distribution of the random variables and the vector of covariates
z. This is done in terms of a model in which the hazard function for a generic
time t since the last event is:
λ(t; z) = λ0(t) exp(zβ) (1)
where λ0(t) is an arbitrary unspecified base-line hazard function and β is a col-
umn vector of dimension s that gives the weight of each covariate. The hazard
function λ(t; z) is therefore composed by two parts, one with the temporal de-
pendence (λ0(t)), and the other with the information about the process carried
by other factors (exp(z β)).
The vector of coefficients β and λ0(t) are the two unknown parameters and
are estimated through a Maximum Likelihood Estimation strategy (see section
2 in Faenza et al., 2003; Faenza, 2005). In particular, the shape of λ0(t) can
be derived from the maximum likelihood estimation of the empirical survivor
function. There is a biunivocal relationship between the hazard function and
the survivor function
S(t) = exp(−
∫ t
0
λ(u)du). (2)
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For PHM, the relationship becomes
S(t; z) = exp[−
∫ t
0
λ0(u) exp(zβ)du] = S0(t)
exp(zβ). (3)
A simple way to display the trend of λ0(·) is through the comparison of the
empirical survivor function S0(·) and the survivor function of a Poisson process.
We apply a double logarithmic transformation
u(t) = ln{− ln[S0(·)]} (4)
in order to obtain a RV, u(t), asymptotically normally distributed (e.g. Kalbfleisch
and Prentice, 1980; Faenza et al., 2003). The transformation 4 applied to the
survivor function of a Poisson process gives up(t) = ln λ+ ln(t), where λ is the
mean of the distribution. Then, we can define the residuals (t) as
(t) = u(t)− up(t); (5)
The function (t) versus t shows the departures of the empirical survivor func-
tion from the theoretical Poisson distribution as a function of elapsed time.
By looking at equation 4, and at the relation between the survivor function
and the hazard function in equation 3, it is easy to figure out that the trend
of (t) has a shape comparable to the trend of λ0(t).
There are some assumptions behind this model. The base-line hazard func-
tion λ0(t) is the same for all areas and only z can vary, since in equation (1)
the covariates act multiplicatively on λ0(t). From a physical point of view, this
implies that the mechanism of earthquake occurrence is the same in all areas
under study and only the covariates can change. The model also assumes that
earthquakes will occur in the same areas as in the past, i.e., that the spatio-
temporal coverage of catalog used (one century, see below) is representative of
the spatio-temporal distribution of events.
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3 The seismic catalog
The spatio-temporal distribution of large earthquakes in the last century (1900-
2004) is investigated through the analysis of the Pacheco and Sykes (1992)
catalog for events from 1900 to 1989 and the CMT catalog for the remaining
time window (Dziewonski and Woodhouse, 1983; Ekstro¨m et al., 2005; CMT
Catalog, available at http://www.seismology.harvard.edu/CMTsearch.html).
Only shallow earthquakes with depth ranging from 0 to 70 Km and Ms7.0+
are used, for a total amount of 868 events. We assume that such a catalog is
complete. As a support of that, we report in figure 1 the cumulative number of
events, finding a constant increasing linear trend. Despite a non-stationarity
of decades has been found in some tectonic regions (see Selva and Marzocchi,
2005; Lombardi and Marzocchi, 2007), we argue that it is reasonable to assume
that a complete seismic catalog for worldwide seismicity is characterized by a
constant rate of earthquake production. Therefore, under this perspective, the
trend of figure 1 would stand for a completeness of the catalog used in this
analysis.
4 The spatial grid
Earthquake spatial distribution reflects a cluster behavior representing tectonic
and geological features; therefore, the probability of having an earthquake is
not homogeneous in all the territory, but it has a marked spatial variability.
For the purpose of this work, the Earth surface is divided into areas of equally
areal extension. Each node of the grid is the center of a circle and, in order
to cover the whole Earth, its radius R is set equal to the mean value of half
7
diagonal of the cell. We analyze all areas where at least one event occurred in
the last century. In this application we present the results for a radius R = 300
Km that seems a reasonable dimension in relation to the spatial extension of
the faults that generate Ms7.0+ events.
CMT catalog (Dziewonski and Woodhouse, 1983; Ekstro¨m et al., 2005;
CMT Catalog, available at http://www.seismology.harvard.edu/CMTsearch.
html) is used to describe the tectonic inhomogeneity of such a wide territory.
The purpose is to identify the tectonic regime for each selected area using
the moment tensor using all events in CMT catalog, without any magnitude
thresholds. We consider a reasonable approximation to use also smaller events
(i.e., Mw 5.5+) to identify the tectonic regimes; in other words, we assume
that Mw 5.5+ events are representative of the regional seismicity. As shown
by Kostrov (1974), the average stress tensor of a volume can be determined
from the sum of the moment tensor of the events inside that region. In par-
ticular, the sum of the moment tensor is the sum of the relative component
of the moment tensor of each event inside that area. Once the rake of such
average moment tensor is obtained, it is binned into three classes: prevalent
compressive (45◦ <rake< 135◦), prevalent extensive (−135◦ <rake< −45◦)
and prevalent strike-slip (−45◦ <rake< 45◦ and −180◦ <rake< −135◦ and
135◦ <rake< 180◦). We select only the areas that are univocally classified in
term of tectonic style on the basis of the two solutions of the moment tensor;
308 circles have been analyzed. Figure 2 shows the areas under study, for a
radius of R = 300 Km, their relative regime and the epicentral distribution of
the events in the catalog. Such a parameterization of the tectonic is stable for
different radii, from R = 200 Km to R = 600 Km, and, in first approximation,
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it reflects Earth surface main tectonic setting.
5 Application to the world seismicity and re-
sults
Once the grid is set up for a particular radius R, the procedure for applying
PHM is the same as in Faenza et al. (2003) and Cinti et al. (2004). We analyze
all areas where at least one event occurred. For areas with only one event, the
only RV is the CT. The vector of covariate z is a three-dimensional vector. Its
first component is the natural logarithm of the rate of occurrence λ, calculated
as the ratio of the number of sequence of Ms7.0+ earthquakes occurred inside
the areas to the time period covered by the seismic catalog (104 years). The
earthquake magnitude of the event from which the RV (either IET or CT) is
calculated is the second component of z, and the third is the prevalent stress
regime within each area, coded as 3 for areas with mainly compressive tectonic
style, 2 for strike-slip and 1 for extensive. In other words, the third covariate
increases with the increase of the friction on a fault.
5.1 Estimation of β
Using Maximum Likelihood Estimation strategy described in Faenza et al.
(2003) and Faenza (2005), it turns out that only the first component of the
weight vector (β1, associated to the logarithm of the rate of occurrence z1) is
significantly different from zero, being β1 = 1.1±0.1. This means that the rate
of occurrence seems to be the only covariate (among the considered ones) that
can influence the spatio-temporal distribution of large earthquakes. Remark-
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ably, the magnitude of the previous event seems not to modify the probability
of occurrence of next events, even in case of large ones. This is crucial to
understand the role played by the magnitude in earthquake occurrence, and it
seems to rule out any kind of “time predictable” model for the spatio-temporal
distribution of large events Ms7.0+ (e.g., Papazachos, 1992).
5.2 Estimating the shape of λ0(t)
Another important result is the trend of the base-line hazard function λ0(t)
versus time, shown in figure 2 in terms of residuals (Kalbfleisch and Prentice,
1980; Faenza et al., 2003; Faenza, 2005). This function mimics the instan-
taneous conditional probability of earthquake occurrence as a function of the
time elapsed since the most recent event (CT). In the considered time window,
the trend of the hazard function is decreasing for few years after an earthquake,
a time interval longer than the one for aftershocks sequences, which may last
for few weeks or months (cf. Parsons, 2002). After that, the hazard func-
tion gradually reaches a constant behavior as expected for a Poisson process.
In practice, this means that seismic clustering is a prominent aspect of the
time distribution of large earthquakes, at least over few years following a large
earthquake; afterwords the process becomes almost time independent. We
argue that the rational behind this trend can be found into the interaction
between faults among the same area and the co- and post- seismic relaxation
(Kagan and Knopoff, 1976; Kagan and Jackson, 1991; Parsons, 2002; Marzoc-
chi et al., 2003, Cinti et al., 2004). The longer duration of the time cluster
compared to classical aftershock sequences may be somehow related to the
magnitude of the events (see, e.g., Kagan and Jackson, 1991), or also to the
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geographic domain; for instance, Ebel et al. (2000) suggested that aftershocks
of strong events in intraplate areas may last for decades or even centuries (see
also Lombardi and Marzocchi, 2007).
In literature a similar characterization of large earthquake temporal distri-
bution is used by Kagan and Jackson (2000), where the seismicity has been
divided into two parts: a short- and a long-term. The short-term is mainly
a foreshock-mainshock-aftershock sequence lasting one year in areas of high
seismicity; while the long-term is a smoother version of past seismicity, where
no time-dependence is imposed as in a Poisson process.
Notably, all of the most used time dependent statistical distributions (Weibull
with shape parameter larger than 1, Brownian Passage Time, and so on) have
increasing hazard functions (at least for some elapsed time interval), therefore
in contradiction to what found here. We argue that this discrepancy can be
explained by noting that here we consider earthquake occurrence on zones that
are composed by a population of (many) interacting faults, while the statistic
distributions mentioned above are imposed (such an hypothesis has never been
rigorously tested with real data) for single and isolated faults (Parsons, 2005).
In this picture, the cluster of few years after an event may be an evidence of
interaction among faults in the area considered.
Another interesting result comes from the comparison among the hazard
function found in this paper and the one of the Italian seismicity (compare
figure 3 in this paper and figure 3 in Cinti et al., 2004). From such a compari-
son, it is possible to highlight that the time-clustering is the peculiar behavior
of earthquake distribution, for different spatial scale (regional for the Italian
seismicity and global for the worldwide one) and magnitude range (moderate
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to large for the Italian territory and large up for the World).
5.3 Checking the validity of the model
As for the application of PHM to the Italian seismicity (Faenza et al., 2003;
Cinti et al., 2004), we perform a validation test, dividing the data set into a
learning data set (events from 1900-1980, for a total of 648 events), to set up
the model, and into a validation data set (time window 1981-2004, 220 events),
to verify the model with an independent data set.
In order to check the validity of PHM, each IET of the learning and vali-
dation data sets is transformed though the equation
eˆi = Λ0(ti) exp(ziβ) (6)
where Λ0(t) is the cumulative hazard function. If the model is appropriate the
residuals eˆ should be similar to a sample drawn by an exponential distribution
with λ = 1 (Kalbfleish and Prentice, 1980; Ogata, 1988; Faenza et al., 2003;
Faenza, 2005). In fact, this transformation is a sort of statistical standardiza-
tion and it changes the random non-negative point process into a Possonian
process with rate equal to 1. Therefore, a comparison of the cumulative of the
residuals with a theoretical exponential curve provides a goodness-of-fit of the
model. The null hypothesis H0 of equal distributions is quantitatively eval-
uated through a one-sample Kolmogorov-Smirnov test (see Gibbons, 1971).
Notably, for both learning and validation data sets (see figure 4) we cannot
reject H0 with a significance level α lower than 0.10.
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5.4 Forecasting large worldwide earthquakes
Defining the hazard function means knowing the distribution of the point pro-
cess. It is therefore possible to evaluate the probability of occurrence P for a
time window τ in each area
P =
S(t, z)− S(t + τ, z)
S(t, z)
(7)
where t is the CT and S(t, z) is the empirical survivor function estimated
from the data (see for more details Faenza et al., 2003). The time-dependent
probability map for the next Ms7.0+ earthquakes in the next 5 years (starting
from Jan. 1st, 2006) shows the Kuril Islands, the Solomon Islands and the
western cost of Mexico as the areas with the higher probability, see figure 5.
As previously mentioned, the spatial distribution of the events is not homo-
geneous, not even inside the regions of the world with a high density of events
(e.g., the Himalaya region). Some of the regions are well constrained by the
selected circles (see e.g., the western coast of South America in figure 1), while
other regions present a more spread spatial distribution of the selected circles
(see e.g., the Central Asia region, in figure 1). For these latter regions, the
spatial coverage is not precise enough to grant an accurate spatial forecasting
ability. Like all the models based on past seismicity to forecast the future one,
strong isolated earthquakes are hard to forecast. A quantitative confirmation
of this can be found in Table 1, where the results of a forward test are re-
ported. This retrospective forward test analyzes the probability rank of the
areas where the earthquakes of the validation data set (1980-2004) occurred,
using, as input data to calibrate the model, only the events just former the
event into consideration. The table reports the number of time in which an
event with Ms7.0+ occurred in areas with high, medium, low, and negligible
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probability (see Table 1 caption). In detail, 160 events out of 220 occurred into
the areas with the high probability and 38 into the 10 areas with the highest
probability. Since only 13 the events out of 220 occurred into the areas with
negligible probability, the probability that a future large Ms7.0+ earthquake
occurred inside one of the selected areas is about 94%.
Here, we use the earthquake forecasting basically to verify quantitatively
our model. Anyway, we still remark that the primary goal of our model is to
get new insights of the time behavior of the earthquake generating mechanism
rather than to be applied directly in earthquake forecasting. In an earthquake
forecasting perspective, our model presents a notable limitation due to the
fact that the model uses the spatial grid as some sort of Heaviside filter on
the catalog: earthquakes are considered only if they fall inside a circle, while
they are disregarded if they fall outside. This limitation can potentially create
some artificial sharp gradient in the spatial probability distribution.
6 The role of tectonic style on earthquake oc-
currence; the stratification model
As a further analysis, we study in more detail the role of the tectonic style into
earthquake generation mechanism. In the model applied so far, the action of
the covariates is only multiplicatively, while the shape of the base-line (λ0(t)
in equation 1) versus time is the same for all the areas. In such a case, the
tectonic style does not appear to have a statistically significant contribution
(i.e., the weight of the third covariate is not significantly different from zero).
Here, we re-consider the role of the tectonic style by using a more general
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modeling.
PHM requires a proportionality between the hazard function for any two
covariate sets z1 and z2
λ(t; z1) ∝ λ(t; z2). (8)
Although this situation is descriptive of many situations, sometimes there are
important covariates, the different values (or strata) of which produce hazard
function which differ markedly from proportionality. Consider a covariate that
occurs on q strata and for which equation 8 may be violated. It is possible
to define the hazard function for an individual in the j-th of this covariate
(Kalbfleisch and Prentice, 1980) as:
λj(t; z) = λ0j(t) exp(zβ) (9)
for j = 1, · · · , q and z is the vector of the covariates for with equation 8
is descriptive. The base-line hazard functions, λ01(·), · · · , λ0q(·), for the q
stratum are allowed to be arbitrary and are completely unrelated.
The procedure to evaluate the β is similar to the one applied in PHM, and
it is exhaustive explained in Kalbfleisch and Prentice (1980). The general form
of the marginal likelihood is
L(β) =
q∏
j=1
Lj(β) (10)
where Lj(β) is the marginal likelihood of β arising from j-th stratum alone.
The first and second derivative of equation 10, corresponding to the score
function and to the information matrix for β, are sums over strata of the first
and second derivative of marginal likelihood Lj(β).
Once an estimation of β is obtained, the same strategy described as for
PHM can be used to give estimates of the survivor functions of the q strata
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separately.
In the application to the worldwide large shallow seismicity, we assign a
prevalent tectonic style for each area by using the same procedure described
above. The survivor functions of the three strata (compressive, strike-slip and
extensive) are then compared with a two-sample Kolmogorov-Smirnov test
(Gibbons, 1971), to see if these three samples come from different populations.
The results indicate that there is no statistical difference between the three
survivor functions, see figure 6. On the basis of our data set and our analysis,
we may conclude that Ms7.0+ earthquakes time occurrence does not show a
significant dependency with the tectonic style of areas. This is different from
what found for other parameters, such as maximum magnitude and b-value
(Bird and Kagan, 2004; Schorlemmer et al., 2005).
7 Concluding Remarks
In this work, a multivariate non-parametric statistical model has been applied
to the world large seismicity with the aim to investigate the spatio-temporal
features of the large earthquake occurrence. The main feature of the analysis
is the non-parametric nature. In other words, our results come up directly for
the data rather than from a priori imposed models. We also remark that all
the results have been checked through independent data sets.
Basically, we underline two important issues that come up from the results
of this study:
- The time cluster of events is a feature that even marks the occurrence of
large earthquakes (Ms7.0+). The time cluster lasts few years (see also
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Parsons, 2002), and it may reflect interaction among faults. Notably
a similar behavior of the hazard function has been found on a regional
scale and for lower magnitude, that is for the Italian seismicity with M
5.5+ (Faenza et al., 2003; Cinti et al., 2004). This could suggest that
the time cluster is a scale independent feature, both for magnitude and
areal extension of the sample. After this clustering the hazard function
becomes almost flat as expected for a memoryless process.
- The tectonic regime is a feature that does not seem to modify the statistic
of earthquake occurrence. We have studied this possible coupling through
different statistical modeling: we use the tectonic style as a covariate of
the proportional hazard model, and also allowing the model to have
different hazard functions for the different tectonic style.
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Probabilities Events Since 1981
Ten circles with highest probability 38
Circles with high probabilitya 160
Circles with medium probabilityb 24
Circles with low probabilityc 23
Circles with negligible probabilityd 13
a HIGHT probability: P>P66perc
b MEDIUM probability:P33perc <P≤P66perc
c LOW probability: P≤P33perc
d NEGLIGIBLE probability: no Ms7.0+ earthquakes occurred since 1900
Table 1: Results of the Retrospective Forward Forecasting
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Figure 1: Cumulative number of events versus time. The straight behavior
means that the catalog is complete for Ms7.0+ since 1900
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Figure 2: Selected areas for a radius R = 300 Km and their prevalent tectonic
regime: prevalent compressive, strike-slip or prevalent extensive. In gray: ar-
eas with undefined tectonic regime and not used in this analysis; black dots:
epicentral distribution of events with Ms7.0+ from 1900 to 2004.
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Figure 3: Residuals of the model as a function of time. The trend of the resid-
uals is indicative of the trend of the hazard function (see for detail Kalbfleisch
and Prentice, 1980; and Faenza, 2005). The analysis for the Italian seismicity
comes form Cinti et al. (2004)
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Figure 4: (a) Empirical (black dots) and theoretical (solid line) cumulative
functions for the learning data set. (b) The same as for (a), but relative to
the validation data set.
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Figure 5: Time-dependent probability map for the next 5 years.
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Figure 6: Survivor function for the stratification model. The plot shows
the results for a input radius of 500 Km, as an example. The two-sample
Kolmogorov-Smirnov test suggests that there is not statistical difference be-
tween the three survivor functions.
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